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Abstract 
 
Based on experimental and anecdotal evidence, I adjust the standard option pricing models for the 
anchoring and adjustment heuristic of Tversky and Kahneman (1974). The surprising finding is that 
while resolving key option pricing puzzles even within the Black-Scholes framework, the anchoring 
approach adds power to the stochastic volatility and jump diffusion approaches. In particular, it 
mitigates the difficulty that stochastic volatility models face in generating the steep short-term skew. 
The puzzles addressed include the existence and behavior of implied volatility skew, patterns in 
leverage-adjusted option returns, large negative returns from put options, and historical performance 
of covered call and zero-beta strategies. Two novel predictions of the anchoring model are 
empirically tested and found to be strongly supported with nearly 26 years of options data. 
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Anchoring Heuristic in Option Pricing 
 
Call option volatility is equal to the underlying stock return volatility appropriately scaled-up. If  
𝜎(𝑅𝑠) is the standard deviation of stock returns, and 𝜎(𝑅𝑐) is the standard deviation of call returns, 
then for 𝐴 ≥ 0: 
𝜎(𝑅𝑐) = 𝜎(𝑅𝑠)(1 + 𝐴)          (0.1) 
Equivalently, if 𝐸[𝑅𝑐] and 𝐸[𝑅𝑠] are expected call option and underlying stock returns respectively, 
and 𝑅𝐹 is the risk-free rate of return
2: 
𝐸[𝑅𝑐] = 𝐸[𝑅𝑠] + 𝐴 ∙ (𝐸[𝑅𝑠 − 𝑅𝐹])         (0.2) 
The Black-Scholes model specifies a particular value for 𝐴, which is equal to Ω − 1 where Ω is the 
call price elasticity with respect to the underlying stock price. In stochastic volatility and jump 
diffusion approaches, the value of 𝐴 is also equal to Ω − 1,  as long as diffusive risk is the only 
priced factor. 
 Clearly, a natural starting point for forming volatility judgment about a call option is the 
volatility of the underlying stock as their payoffs are joined at the hip, and move in-sync perhaps 
more than any other pair of assets in the market. However, starting from the underlying stock 
volatility and scaling it up to form judgment about the call option volatility exposes the decision-
maker to one of the most robust decision-making biases, known as the anchoring bias.  
Starting from Tversky and Kahneman (1974), over 40 years of research has demonstrated 
that while forming estimates, people tend to start from related (self-generated) values and then make 
adjustments to their starting points. However, adjustments typically remain biased towards the 
starting value known as the anchor (see Furnham and Boo (2011) for a general review of the 
literature). Describing the anchoring heuristic, Epley and Gilovich write (2001), “People may 
spontaneously anchor on information that readily comes to mind and adjust their response in a direction that seems 
appropriate, using what Tversky and Kahneman (1974) called the anchoring and adjustment heuristic. Although this 
                                                          
2 The derivation is discussed in section 2. 
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heuristic is often helpful, the adjustments tend to be insufficient, leaving people’s final estimates biased towards the 
initial anchor value.” (Epley and Gilovich (2001) page. 1).  
When considering the volatility of a call option, the volatility of the underlying stock 
naturally comes to mind. Plausibly, one may start there and then attempt to scale it up appropriately. 
Anchoring bias implies that such adjustments tend to be insufficient. In other words, the anchoring 
bias causes call risk to be underestimated. In fact, evidence of such risk-underestimation can be seen 
in the behavior of professional traders who typically argue that a call option is a good proxy for the 
underlying stock, and frequently advise clients to replace the underlying stocks in their portfolios 
with call options.3 4The fact is that a call option only costs a fraction of what the underlying stock 
costs and pays in the same states as the underlying, which are positive factors for anyone considering 
replacing stocks with calls. However, replacing stocks with calls typically increases the portfolio 
volatility substantially, a factor that should cause a dent in the popularity of the stock-replacement-with-
call-option strategy. On the contrary, discussions on this strategy often tout its risk-reducing 
advantages.5 
Whether the scaling-up factor is underestimated or not is an empirical question, and can be 
tested in a controlled laboratory setting. Underestimating the scaling-up factor means that call risk is 
underestimated which implies that a smaller return is demanded for holding a call option in 
accordance with (0.2). Siddiqi (2012) (by building on the earlier work in Siddiqi (2011) and 
Rockenbach (2004)) conducts a series of laboratory experiments in the binomial (and trinomial) 
setting and finds that indeed call options appear to be anchoring influenced.  
 
                                                          
3 A few examples of experienced professionals stating this are: 
http://www.optionstrading.org/strategies/other/stock-replacement/ 
http://finance.yahoo.com/news/stock-replacement-strategy-reduce-risk-142949569.html 
http://www.optionsuniversity.com/blog/stock-replacement-options-mastery-series-lesson-24/ 
 
4 Jim Cramer, the host of popular US finance television program “Mad Money” (CNBC) has contributed to making 
this strategy widely known among general public.  
 
5 http://finance.yahoo.com/news/stock-replacement-strategy-reduce-risk-142949569.html 
https://www.optionshouse.com/blog/trading-strategies/take-chips-off-the-table-using-stock-replacement-
strategies/ 
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The key findings in Siddiqi (2012) are: 
1) The call average return is so much less than the Black-Scholes prediction that the hypothesis that 
a call option is priced by equating its return to the return available on the underlying stock 
outperforms the Black-Scholes hypothesis by a large margin. The call expected return is always 
larger than the stock expected return; however, it always remains far below the Black-Scholes 
prediction. That is, the following holds: 0 < 𝐴𝐾 < Ω𝐾 − 1, where K denotes the strike price.  
2) If larger distance is created between corresponding call and stock payoffs by increasing the strike 
price, then the statistical performance of the hypothesis, 𝐸[𝑅𝑐] = 𝐸[𝑅𝑠], weakens. That is, as payoff 
similarity weakens, the distance between  𝐸[𝑅𝑐] and 𝐸[𝑅𝑠] increases. In other words, 𝐴𝐾 rises with 
strike.6 With anti-similar payoffs (such as that of a put option and the underlying stock), the 
hypothesis, 𝐸[𝑅𝑜𝑝𝑡𝑖𝑜𝑛] = 𝐸[𝑅𝑠] performs poorly.  
The experimental evidence in Siddiqi (2012) suggests that anchoring bias directly influences 
the price of a call option. There is no evidence of anchoring directly influencing the price of a put 
option as put and stock payoffs are anti-similar.7 Hence, the perception of similarity between a call 
option and its underlying stock appears to be the driving mechanism here. It is worth mentioning 
that similar types of situational similarities have been used in the psychology and cognitive science 
literature to test for the influence of self-generated anchors on judgment (see Epley and Gilovich 
(2006) (2001) and references therein).  
The Taylor series expansion of 𝐴𝐾 = 𝑓(𝐾) around at-the-money strike is: 
𝐴𝐾 = 𝐴𝐴𝑇𝑀 + 𝐴𝐴𝑇𝑀
′ (𝐾 − 𝐾𝐴𝑇𝑀) +
𝐴𝐴𝑇𝑀
′′
2
(𝐾 − 𝐾𝐴𝑇𝑀)
2       (0.3) 
Experimental evidence suggests that (0.3) is bounded below by zero and bounded above by Ω𝐾 − 1, 
with 𝐴𝐴𝑇𝑀
′ > 0, and 𝐴𝐴𝑇𝑀
′′ > 0.  
 The finding in Siddiqi (2012) that average call returns in the lab are much smaller than 
theoretical predictions complements the empirical findings from field data showing that average call 
returns have been a lot smaller given their systematic risk (see Coval and Shumway (2001)). As put 
                                                          
6 The analysis of individual level data in Siddiqi (2012) reveals that  𝐴𝐾 increases nonlinearly with strike. 
7 Of course, the belief about put option volatility is indirectly influenced as put option volatility follows deductively 
from stock and call volatilities.   
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option volatility follows deductively from stock and call option volatility and is inversely related to 
call option volatility, underestimating call volatility implies that put option volatility is overestimated. 
It follows that, if call option is anchoring influenced, then the average put return would be more 
negative than expected. Empirically, average put returns are far more negative than the predictions 
of various option pricing models (Bondarenko (2014)). Hence, the laboratory findings are broadly 
consistent with the empirical findings regarding option returns with field data.  
 Given the experimental and anecdotal evidence that anchoring matters for option pricing, 
and the intriguing match between laboratory and field evidence regarding simple option returns, the 
next steps are formally adjusting option pricing models for anchoring and studying the implications 
of such adjustments. Such formalization is needed for studying the implications of anchoring 
beyond its immediate impact on simple returns. It is not clear what the anchoring approach predicts 
about leverage-adjusted returns and whether they should increase or decrease with strike? Similarly, 
can anchoring generate the implied volatility skew?  What does the anchoring approach predict 
about changes in implied volatility in bullish vs bearish markets? What does it predict about the 
implied volatility skew as time-to-expiry increases? Are there novel predictions arising from the 
anchoring-adjusted model? By adjusting standard option pricing models for anchoring, this article 
provides answers to the above questions. In this regard, this article makes five specific contributions:  
1) Firstly, it makes a methodological contribution by showing how anchoring can be 
incorporated in the Black-Scholes (1973), stochastic-volatility-model of Hull-White (1987), 
stochastic-volatility-model of Heston (1993), and stochastic-volatility-with-jumps model of 
Bates (1996).  
2) Secondly, it shows that, in continuous time, the anchoring price always lies within the 
tightest option pricing bounds derived in the literature when there are proportional 
transaction costs. The popular option pricing bounds derived in the literature are Leland 
(1985) and Constantinides and Perrakis (2002) stochastic dominance bounds. Constantinides 
and Perrakis (2002) bounds are generally considered to be the tightest.  I show that the 
anchoring price is always less that the Constantinides and Perrakis (2002) upper bound.  
3) Thirdly, the article shows that the anchoring-adjusted model provides a unified 
explanation for key option pricing puzzles even in the simplest framework of geometric 
Brownian motion. The puzzles addressed include: a) implied volatility skew in index options,  
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average implied volatility of at-the-money options being larger than realized volatility 
(Rubinstein (1994)), countercyclical implied volatility, as well as its flattening with increasing 
horizon, b) puzzling return patterns in leverage-adjusted returns (Constantinides et al 
(2013)), c) superior historical performance of covered call writing (Whaley (2012)), d) worse-
than-expected performance of zero-beta straddles (Coval and Shumway (2001)).  
4) This article shows that incorporating anchoring in stochastic volatility and jump diffusion 
models helps in mitigating a key concern with these models. Achilles heel of stochastic 
volatility models is that they require implausibly high parameter values (high volatility of 
volatility, and correlation parameters) to match the observed skew (Bakshi, Cao, and Chen 
(1997), Bates (1996a), Bates (1996b)). In particular, the difficulty lies in matching the steep 
short-term skew with plausible parameter values. Adding jumps does not solve the problem 
either as implausibly large jump intensity is required to match the observed skew (Bates 
(2000), Jackwerth (2000)). Anchoring-adjusted stochastic volatility model generates a steep 
short-term skew quite easily. 
5) Anchoring makes two novel predictions regarding leverage-adjusted returns: A) At low 
strikes, the difference between leverage-adjusted put and call returns must fall as the ratio of strike to spot 
increases at all levels of expiry. B) The difference between leverage-adjusted put and call returns must fall as 
expiry increases at least at low strikes. I test both prediction with nearly 26 years of options data 
and find strong empirical support. 
This article is organized as follows. Section 1 illustrates the anchoring approach with a 
numerical example. Section 2 derives anchoring-adjusted option pricing formulas when the 
anchoring bias is combined with various option pricing models such as the Black-Scholes (1973), 
Hull and White (1987), Heston (1993), and Bates (1996) models. The anchoring-adjusted prices lie 
within the Constantinides and Perrakis (2002) bounds with proportional transaction costs. Section 3 
shows that the anchoring framework provides a unified explanation for key option pricing puzzles, 
and increases the skew matching power of stochastic volatility and jump diffusion models. In 
particular, anchoring-adjusted Heston model generates a steep skew even when the original Heston 
model gives an almost flat skew. Section 4 tests two novel predictions of the anchoring model. 
Section 5 concludes. 
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Table 1 
 Bond Stock Call Put 
Green State 100 200 100 0 
Blue State 100 50 0 50 
 
 
1. Anchoring Heuristic in Option Pricing: A Numerical Example 
Imagine that there are 4 types of assets in the market with payoffs shown in Table 1. The assets are a 
risk-free bond, a stock, a call option on the stock with a strike of 100, and a put option on the stock 
also with a strike of 100. There are two states of nature labeled Green and Blue that have equal 
probability of occurrence. The risk-free asset pays 100 in each state, the stock price is 200 in the 
Green state, and 50 in the Blue state. It follows that the Green and Blue state payoffs from the call 
option are 100 and 0 respectively. The corresponding put option payoffs are 0 and 50 respectively. 
What are the equilibrium prices of these assets? Imagine that the market is described by a 
representative agent who faces the following decision problem: 
max 𝑢(𝐶0) + 𝛽𝐸[𝑢(𝐶1)] 
subject to  𝐶0 = 𝑒0 − 𝑆 ∙ 𝑛𝑠 − 𝐶 ∙ 𝑛𝑐 − 𝑃 ∙ 𝑛𝑝 − 𝑃𝐹 ∙ 𝑛𝐹 
      ?̃?1 = 𝑒1 + ?̃?𝑠 ∙ 𝑛𝑠 + ?̃?𝑐 ∙ 𝑛𝑐 + ?̃?𝑝 ∙ 𝑛𝑝 + 𝑋𝐹. 𝑛𝐹 
where 𝐶0 and 𝐶1 are current and next period consumption,  𝑒0 and 𝑒1are endowments, 
𝑆, 𝐶, 𝑃, 𝑎𝑛𝑑 𝑃𝐹 denote the prices of stock, call option, put option, and the risk-free asset, and 
?̃?𝑠, ?̃?𝑐, ?̃?𝑝 and 𝑋𝐹 are their corresponding payoffs. The number of units of each asset type is 
denoted by 𝑛𝑠, 𝑛𝑐, 𝑛𝑝, and 𝑛𝐹 with the first letter of the asset type in the subscript (letter 𝐹 is used 
for the risk-free asset).  
 The first order conditions are: 
1 = 𝐸[𝑆𝐷𝐹] ∙ 𝐸[𝑅𝑠] + 𝜌𝑠 ∙ 𝜎[𝑆𝐷𝐹] ∙ 𝜎(𝑅𝑠) 
1 = 𝐸[𝑆𝐷𝐹] ∙ 𝐸[𝑅𝑐] + 𝜌𝑐 ∙ 𝜎[𝑆𝐷𝐹] ∙ 𝜎(𝑅𝑐) 
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1 = 𝐸[𝑆𝐷𝐹] ∙ 𝐸[𝑅𝑝] + 𝜌𝑝 ∙ 𝜎[𝑆𝐷𝐹] ∙ 𝜎(𝑅𝑝) 
1 = 𝐸[𝑆𝐷𝐹] ∙ 𝑅𝐹 
 
where 𝐸[∙] and 𝜎[∙] are the expectation and standard deviation operators respectively, SDF is the 
stochastic discount factor or the inter-temporal marginal rate of substitution of the representative 
investor (𝑆𝐷𝐹 =
𝛽𝑢′(𝐶1)
𝑢′(𝐶0)
), and 𝜌 denotes the correlation of the asset with the SDF.  
One can simplify the first order conditions further by realizing that 𝜌𝑐 = 𝜌𝑠, 𝜌𝑝 = −𝜌𝑠, and 
𝜎(𝑋𝑠) = 𝜎(𝑋𝑐) + 𝜎(𝑋𝑝). The last condition captures the fact that stock payoff volatility must 
either show up in call payoff volatility or the corresponding put payoff volatility by construction. 
One can see this in Table 1 as well where the stock payoff volatility is 75, the call payoff volatility is 
50, and the put payoff volatility is 25. It follows that 𝜎(𝑅𝑝) =
𝑆
𝑃
∙ 𝜎(𝑅𝑠) −
𝐶
𝑝
∙ 𝜎(𝑅𝑐). It is easy to 
see that with payoffs in Table 1, 𝜌𝑠 = −1.  The first order conditions can be written as: 
1 = 𝐸[𝑆𝐷𝐹] ∙
125
𝑆
− 𝜎[𝑆𝐷𝐹] ∙
75
𝑆
 
1 = 𝐸[𝑆𝐷𝐹] ∙
50
𝐶
− 𝜎[𝑆𝐷𝐹] ∙
50
𝐶
 
1 = 𝐸[𝑆𝐷𝐹] ∙
25
𝑃
+ 𝜎[𝑆𝐷𝐹] ∙ {
𝑆
𝑃
∙
75
𝑆
−
𝐶
𝑃
∙
50
𝐶
} 
1 = 𝐸[𝑆𝐷𝐹] ∙
100
𝑃𝐹
 
Assume that the utility function is 𝑙𝑛𝐶, 𝛽 = 1, 𝑒0 = 𝑒1 = 500, and the representative agent must 
hold one unit of each asset to clear the market. The above first order conditions can be used to infer 
the following equilibrium prices: 𝑃𝐹 = 46.51163, 𝑆 = 53.77907, 𝐶 = 20.34884, 𝑎𝑛𝑑 𝑃 =
13.0814. It is easy to verify that both the put-call parity as well as the binomial model is satisfied. 
Replicating the call option requires a long position in 2/3 of the stock and a short position in 1/3 
of the risk-free bond, so the replication cost is 20.34884, which is equal to the price of the call 
option. Replicating the put option requires a long position in 2/3 of the risk-free asset and a short 
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position in 1/3 of the stock. The replication cost is 13.0814, which is equal to the price of the put 
option.  
 One can also verify that equations (0.1) and (0.2) hold with the correct value of 𝐴. The 
correct value of 𝐴 = Ω − 1. Here, Ω =
𝑆
𝐶
∙ 𝑥 where 𝑥 is the number of shares of the stock in the 
replicating portfolio that mimics the call option. So, in this case, Ω = 1.761905. As 𝜎(𝑅𝑠) is 
1.394595 and 𝜎(𝑅𝑐) is 2.457143, clearly 𝜎(𝑅𝑐) = 𝜎(𝑅𝑠)(1 + 𝐴) with the correct value of 𝐴. 
Similarly, it is straightforward to verify that (0.2) also holds with 𝐴 = 0.761905.  
 Next, I introduce the anchoring bias in the picture. The representative investor uses the 
volatility of the underlying stock as a starting point, which is scaled-up to form the volatility 
judgment about the call option with the scaling-up factor allowed to be less than the correct value. 
The first order conditions can be written as: 
1 = 𝐸[𝑆𝐷𝐹] ∙
125
𝑆
− 𝜎[𝑆𝐷𝐹] ∙
75
𝑆
 
1 = 𝐸[𝑆𝐷𝐹] ∙
50
𝐶
− 𝜎[𝑆𝐷𝐹] ∙
75
𝑆
∙ (1 + 𝐴) 
1 = 𝐸[𝑆𝐷𝐹] ∙
25
𝑃
+ 𝜎[𝑆𝐷𝐹] ∙ {
𝑆
𝑃
∙
75
𝑆
−
𝐶
𝑃
∙
75
𝑆
∙ (1 + 𝐴)} 
1 = 𝐸[𝑆𝐷𝐹] ∙
100
𝑃𝐹
 
The only thing different now is the risk perception of the call option. Instead of 
50
𝐶
, the volatility is 
estimated as 
75
𝑆
∙ (1 + 𝐴). If 𝐴 takes the correct value, we are back to the prices calculated earlier.  
However, if there is anchoring bias, the results are different. Table 2 shows the equilibrium prices 
for 𝐴 = 0 and 𝐴 = 0.5 as well as for 𝐴 = 0.761905, which is the correct value. Put-call parity 
continues to hold; however, both the call option and the put option are overpriced compared to 
what it costs to replicate them. 
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Table 2 
 A=0 A=0.5 A=0.761907 
(Correct value) 
S 53.53009 53.69633 53.77907 
𝑃𝐹 46.26629 46.44007 46.51163 
C 21.41203 20.70219 20.34884 
P 14.17824 13.44593 13.0814 
Put-Call Parity Holds Holds Holds 
Amount by which Call and Put are 
Overpriced 
1.15741 0.38466 0 
Perceived 𝜎(𝑅𝑐): 
𝜎(𝑅𝑐) = 𝜎(𝑅𝑠)(1 + 𝐴) 
1.401081 2.095115 2.457143 
Actual 𝜎(𝑅𝑐): 
𝜎(𝑅𝑐) = 𝜎(𝑋𝑐)/𝐶 
2.335136 2.415203 2.457143 
Perceived 𝐸[𝑅𝑐]: 
𝐸[𝑅𝑐] = 𝐸[𝑅𝑠] + 𝐴 ∙ (𝐸[𝑅𝑠 − 𝑅𝐹]) 
2.335136 2.415203 2.457143 
Actual 𝐸[𝑅𝑐]: 
𝐸(𝑅𝑐) = 𝐸(𝑋𝑐)/𝐶 
2.335136 2.415203 2.457143 
 
With 𝐴 = 0, both options are overpriced by an amount equal to 1.15741. A riskless arbitrage 
opportunity (sell the overpriced option and buy the replicating portfolio) exists unless there is a little 
‘sand in the gears’ in the form of transaction costs. Allowing for proportional transaction costs of 𝜃 
in all 4 asset types (buyer pays (1 + 𝜃) times price and seller receives (1 − 𝜃) times price), the value 
that precludes arbitrage in both options is around 1.8%. With 𝐴 = 0.5, the options are overpriced 
by 0.38466 and the value of 𝜃 that precludes arbitrage in both options is now much lower at 0.6%. 
The point is that transaction costs are a reality and even if rest of the assumptions in the Black-
Scholes (binomial) model hold, the presence of transaction costs alone can support incorrect beliefs 
in equilibrium arising due to the anchoring bias. 
 Note that I have only considered one trading period. Increasing the frequency of trading 
would increase the total transaction cost of replicating an option. It is well-known that in the 
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continuous limit, the total transaction costs of perfect replication are unbounded.  Other bounds 
have been proposed in the literature such as the Leland bounds (Leland (1985)), and the 
Constantinides and Perrakis bounds (Constantinides and Perrakis (2002)) by using imperfect 
replication and stochastic dominance arguments. I show, in section 2, that the anchoring price 
always lies within these proposed bounds, so it is difficult to see how the anchoring bias could be 
mitigated even when geometric Brownian motion is assumed. 
 Table 2 shows that with 𝐴 = 0.5, the perceived risk of the call option is ?̂?(𝑅𝑐) = 2.095115 
(𝜎(𝑅𝑠)(1 + 𝐴)), whereas the realized 𝜎(𝑅𝑐) is 2.415203. With 𝐴 = 0, the perceived and actual 
values are 1.401081 and 2.335136. The anchoring bias causes the risk of the call option to be 
underestimated. Due to the relationship between the volatilities of call, put, and the underlying 
stock, the put volatility is overestimated.  
It is straightforward to verify that equation (0.2) continues to hold with the anchoring bias as 
well. Assuming that an SDF exists, one can use equation (0.2) directly to price the call option. If 𝐴 =
0, the expected return of the call option (from (0.2)) is 2.335136. Dividing the expected payoff with 
the expected return results in 21.41203 which is the price of the call option calculated earlier. 
Similarly, one can verify that the same process yields the correct call price for 𝐴 = 0.5 and 𝐴 =
0.761905. In other words, once 𝐴 is specified, the call expected return can be calculated directly 
from (0.2). The expected return can then be used to calculate the correct price of the call option. 
The corresponding price of the put option follows from put-call parity. 
 
2. Anchoring Heuristic in Option Pricing 
It is straightforward to realize that the anchoring approach does not depend on a particular 
distribution of the underlying stock returns. No matter which distribution one chooses to work with, 
the idea remains equally applicable. In this section, I combine anchoring with the Black-Scholes, 
stochastic volatility models of Hull & White, and Heston, and the Bates model. 
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2.1 The Basic Anchoring-Adjusted Framework 
Consider an exchange economy with a representative agent who seeks to maximize utility from 
consumption over two points, 𝑡 and 𝑡 + 1. At time 𝑡, the agent chooses to split his endowment 
between investment in 𝑁 assets and current consumption. At time 𝑡 + 1, he consumes all his 
wealth. 
 The decision problem facing the representative agent is: 
max 𝑢(𝐶𝑡) + 𝛽𝐸[𝑢(𝐶𝑡+1)] 
subject to  𝐶𝑡 = 𝑒𝑡 − ∑ (1 + 𝜃)𝑃𝑖
𝑁
𝑖=1 ∙ 𝑛𝑖 
       ?̃?𝑡+1 = 𝑒𝑡+1 + ∑ (1 − 𝜃)?̃?𝑖 ∙ 𝑛𝑖
𝑁
𝑖=1  
where 𝐶𝑡 and 𝐶𝑡+1 are current and next period consumption, 𝑒𝑡 and 𝑒𝑡+1 are endowments, 𝑃𝑖 is the 
price of asset 𝑖, 𝑛𝑖 is the number of units of asset 𝑖, and ?̃?𝑖 is the associated random payoff at 𝑡 + 1. 
𝜃 is the percentage transaction cost. That is, the cost of purchasing an asset is scaled up by a factor 
of (1 + 𝜃) and payoffs are reduced by (1 − 𝜃). 
In equilibrium, every asset must satisfy the following: 
1 + 𝜃
1 − 𝜃
= 𝐸[𝑆𝐷𝐹] ∙ 𝐸[𝑅𝑖] + 𝜌𝑖 ∙ 𝜎[𝑆𝐷𝐹] ∙ 𝜎[𝑅𝑖] 
where SDF is the stochastic discount factor, 𝜌𝑖 is the correlation of asset i’s returns with the SDF, 
and 𝐸[∙] and 𝜎[∙] are the expectation and standard deviation operators respectively. 𝑆𝐷𝐹 =
𝛽∙𝑢′(𝐶𝑡+1)
𝑢′(𝑐𝑡)
   
 Among assets, if there is a stock, a call and a put option on that stock with the same strike 
price, and a risk-free asset, then the following must hold in equilibrium: 
1 + 𝜃
1 − 𝜃
= 𝐸[𝑆𝐷𝐹] ∙ 𝐸[𝑅𝑠] + 𝜌𝑠 ∙ 𝜎[𝑆𝐷𝐹] ∙ 𝜎(𝑅𝑠) 
1 + 𝜃
1 − 𝜃
= 𝐸[𝑆𝐷𝐹] ∙ 𝐸[𝑅𝑐] + 𝜌𝑐 ∙ 𝜎[𝑆𝐷𝐹] ∙ 𝜎(𝑅𝑐) 
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1 + 𝜃
1 − 𝜃
= 𝐸[𝑆𝐷𝐹] ∙ 𝐸[𝑅𝑝] + 𝜌𝑝 ∙ 𝜎[𝑆𝐷𝐹] ∙ 𝜎(𝑅𝑝) 
1 + 𝜃
1 − 𝜃
= 𝐸[𝑆𝐷𝐹] ∙ 𝑅𝐹 
The above equations can be simplified further by realizing that 𝜌𝑐 = 𝜌𝑠 , 𝜌𝑝 = −𝜌𝑠 , and 𝜎(𝑅𝑝) =
𝑎 ∙ 𝜎(𝑅𝑠) − 𝑏 ∙ 𝜎(𝑅𝑐), where 𝑎 =
𝑆
𝑃
 and 𝑏 =
𝐶
𝑃
. Also, there exists an 𝐴 such that 𝜎(𝑅𝑐) =
𝜎(𝑅𝑠)(1 + 𝐴).  
The following simplified equations follow: 
1 + 𝜃
1 − 𝜃
= 𝐸[𝑆𝐷𝐹] ∙ 𝐸[𝑅𝑠] + 𝜌𝑠 ∙ 𝜎[𝑆𝐷𝐹] ∙ 𝜎(𝑅𝑠) 
1 + 𝜃
1 − 𝜃
= 𝐸[𝑆𝐷𝐹] ∙ 𝐸[𝑅𝑐] + 𝜌𝑠 ∙ 𝜎[𝑆𝐷𝐹] ∙ 𝜎(𝑅𝑠)(1 + 𝐴) 
1 + 𝜃
1 − 𝜃
= 𝐸[𝑆𝐷𝐹] ∙ 𝐸[𝑅𝑝] − 𝜌𝑠 ∙ 𝜎[𝑆𝐷𝐹] ∙ 𝜎(𝑅𝑠)(𝑎 − 𝑏(1 + 𝐴)) 
1 + 𝜃
1 − 𝜃
= 𝐸[𝑆𝐷𝐹] ∙ 𝑅𝐹 
It follows that, 
𝐸[𝑅𝑐] = 𝐸[𝑅𝑠] + 𝐴 ∙ 𝛿                                                                                                                   (2.1) 
𝐸[𝑅𝑝] = 𝑅𝐹 − 𝛿[𝑎 − 𝑏(1 + 𝐴)]                                                                                                  (2.2)       
where 𝑅𝐹 is the risk-free rate, and 𝛿 = 𝐸[𝑅𝑠] − 𝑅𝐹. 
 If diffusive risk is the only priced factor and the adjustment to stock volatility to arrive at call 
volatility is correct, then 𝐴 = Ω − 1. If there is anchoring bias, that is, the adjustment falls short, 
then, 0 ≤ 𝐴 < Ω − 1. If SDF exists, then one can use equations (2.1) and (2.2) to price 
corresponding call and put option without knowing what the SDF is. Equations (2.1) and (2.2) 
specify the discount rates at which call and put expected payoffs are discounted to recover their 
prices. More simply, one can use equation (2.1) to price a call option, and then use put-call parity to 
price the corresponding put option.  
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 In the next subsection, I first derive the closed form expressions for option prices in the 
continuous limit of the geometric Brownian motion. We will see that these expressions are almost as 
simple as the Black-Scholes formulas. Then, I derive the anchoring formulas for stochastic volatility 
in sections 2.3 and 2.4. Anchoring-adjusted Bates model is presented in section 2.5. 
 
2.2. Anchoring Adjusted Option Pricing: Geometric Brownian Motion 
The continuous-time version of (2.1) is: 
1
𝑑𝑡
𝐸[𝑑𝐶]
𝐶
=
1
𝑑𝑡
𝐸[𝑑𝑆]
𝑆
+ 𝐴𝐾 ∙ 𝛿                                                                                                     (2.3) 
Where 𝐶, 𝑎𝑛𝑑 𝑆, denote the call price, and the stock price respectively. 𝐴𝐾 = 𝑚(Ω𝐾 − 1), where 
0 ≤ 𝑚 ≤ 1. The subscript 𝐾 is added to emphasize the dependence of elasticity on the strike price. 
If 𝑚 = 1, there is no anchoring bias. The anchoring approach converges to the Black-Scholes 
model in this case. If 𝑚 < 1, there is anchoring bias, and the anchoring and the Black-Scholes 
formulas differ. 
If the risk-free rate is 𝑟 and the risk premium on the underlying stock is 𝛿 (assumed to be 
positive), then, 
1
𝑑𝑡
𝐸[𝑑𝑆]
𝑆
= 𝜇 = 𝑟 + 𝛿. So, (2.3) may be written as: 
1
𝑑𝑡
𝐸[𝑑𝐶]
𝐶
= (𝑟 + 𝛿 + 𝐴𝐾 ∙ 𝛿)                                                                                                   (2.4) 
The underlying stock price follows geometric Brownian motion: 
𝑑𝑆 = 𝜇𝑆𝑑𝑡 + 𝜎𝑆𝑑𝑍 
where 𝑑𝑍 is the standard Brownian process. 
From Ito’s lemma: 
𝐸[𝑑𝐶] = (𝜇𝑆
𝜕𝐶
𝜕𝑆
+
𝜕𝐶
𝜕𝑡
+
𝜎2𝑆2
2
𝜕2𝐶
𝜕𝑆2
) 𝑑𝑡                                                                                   (2.5) 
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Substituting (2.5) in (2.4) leads to: 
(𝑟 + 𝛿 + 𝐴𝐾 ∙ 𝛿)𝐶 =
𝜕𝐶
𝜕𝑡
+
𝜕𝐶
𝜕𝑆
(𝑟 + 𝛿)𝑆 +
𝜕2𝐶
𝜕𝑆2
𝜎2𝑆2
2
                                                              (2.6) 
(2.6) describes the partial differential equation (PDE) that must be satisfied if anchoring determines 
call option prices. 
To appreciate the difference between the anchoring PDE and the Black-Scholes PDE, 
consider the expected return under the Black-Scholes approach, which is given below: 
1
𝑑𝑡
𝐸[𝑑𝐶]
𝐶
= 𝜇 + (Ω − 1)𝛿                                                                                                      (2.7) 
Substituting (2.5) in (2.7) and realizing that Ω =
𝑆
𝐶
𝜕𝐶
𝜕𝑆
 leads to the following: 
𝑟𝐶 =
𝜕𝐶
𝜕𝑡
+ 𝑟𝑆
𝜕𝐶
𝜕𝑆
+
𝜕2𝐶
𝜕𝑆2
𝜎2𝑆2
2
                                                                                                 (2.8) 
(2.8) is the Black-Scholes PDE. 
 In the Black-Scholes world, the correct adjustment to stock return to arrive at call return is 
(Ω − 1)𝛿 . By substituting 𝐴 = (Ω − 1) in (2.6), it is easy to verify that the Black-Scholes PDE in 
(2.8) follows. That is, with correct adjustment (2.6) and (2.8) are equal to each other. Clearly, with 
insufficient adjustment, that is, with the anchoring bias (𝐴 < (Ω − 1)), (2.6) and (2.8) are different 
from each other. 
Constantinides and Perrakis (2002) derive a stochastic dominance based upper bound (CP 
upper bound) on a call option’s price in the presence of proportional transaction costs. Their bound 
is considered the tightest option pricing bound derived in the literature under general conditions.8 
The CP upper bound is the call price at which the expected return from the call option is equal to 
the expected return from the underlying stock net of round-trip transaction cost: 
𝐶̅ =
(1 + 𝜃)𝑆 ∙ 𝐸[𝐶]
(1 − 𝜃)𝐸[𝑆]
 
                                                          
8 See Proposition 1 in Constantinides and Perrakis (2002). 
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It is easy to see that the anchoring price is always less than the CP upper bound. The 
anchoring prone investor expects a return from a call option which is at least as large as the expected 
return from the underlying stock. That is, with anchoring, 
𝐸[𝐶]
𝐶
≥
𝐸[𝑆]
𝑆
>
(1−𝜃)𝐸[𝑆]
(1+𝜃)𝑆
. It follows that the 
maximum price under anchoring is: 𝐶?̅? < 𝐶̅ =
(1+𝜃)𝑆∙𝐸[𝐶]
(1−𝜃)𝐸[𝑆]
.  
Re-writing the anchoring PDE with the boundary condition, we get: 
(𝑟 + 𝛿 + 𝐴𝐾 ∙ 𝛿)𝐶 =
𝜕𝐶
𝜕𝑡
+
𝜕𝐶
𝜕𝑆
(𝑟 + 𝛿)𝑆 +
𝜕2𝐶
𝜕𝑆2
𝜎2𝑆2
2
                                                                  (2.9) 
where 0 ≤ 𝐴𝐾 ≤ (Ω𝐾 − 1), and 𝐶𝑇 = 𝑚𝑎𝑥{𝑆 − 𝐾, 0}  
Note, that the presence of the anchoring bias, 𝐴𝐾 < (Ω𝐾 − 1), guarantees that the CP lower 
bound is also satisfied. The CP lower bound is weak and lies substantially below the Black-Scholes 
price. As the anchoring price is larger than the Black-Scholes price, it follows that it must be larger 
than the CP lower bound. The anchoring price always lies in the narrow region between the Black-
Scholes price and the CP upper bound. 
There is a closed form solution to the anchoring PDE. Proposition 1 puts forward the 
resulting European option pricing formulas. 
 
Proposition 1 The formula for the price of a European call is obtained by solving the 
anchoring PDE. The formula is 𝑪 = 𝒆−𝑨𝑲∙𝜹(𝑻−𝒕){𝑺𝑵(𝒅𝟏
𝑨) − 𝑲𝒆−(𝒓+𝜹)(𝑻−𝒕)𝑵(𝒅𝟐
𝑨)} where 
𝒅𝟏
𝑨 =
𝒍𝒏(𝑺/𝑲)+(𝒓+𝜹+
𝝈𝟐
𝟐
)(𝑻−𝒕)
𝝈√𝑻−𝒕
 , 𝒅𝟐
𝑨 =
𝒍𝒏(
𝑺
𝑲
)+(𝒓+𝜹−
𝝈𝟐
𝟐
)(𝑻−𝒕)
𝝈√𝑻−𝒕
, and 𝑨𝑲 = 𝒎(Ω𝑲 − 𝟏) with 𝟎 ≤ 𝒎 ≤ 𝟏  
Proof. 
See Appendix A. ▄ 
Corollary 1.1 There is a threshold value of 𝑨𝑲below which the anchoring price stays larger 
than the Black-Scholes price. The threshold is 𝑨𝑲 = (Ω𝑲 − 𝟏). 
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Corollary 1.2 The formula for the anchoring adjusted price of a European put option is  
𝑲𝒆−𝒓(𝑻−𝒕){𝟏 − 𝒆−𝜹(𝑻−𝒕)𝑵(𝒅𝟐)𝒆
−𝑨𝑲(𝑻−𝒕)} − 𝑺 (𝟏 − 𝒆−𝑨𝑲∙𝜹(𝑻−𝒕)𝑵(𝒅𝟏)) 
Proof.  
Follows from put-call parity. Equivalently, the formula can also be derived by using a continuous 
time version of 2.2 and Ito’s lemma for put options. 
∎ 
 
As proposition 1 shows, the anchoring formula differs from the corresponding Black-Scholes 
formulas due to the appearance of 𝛿, and 𝐴𝐾 . Note, as expected, if the marginal investor is risk 
neutral (𝛿 = 0), then the two formulas are equal to each other. 
 Next, I incorporate the anchoring bias into the stochastic volatility framework of Hull and 
White (1987).  
 
2.3 Anchoring Adjusted Option Pricing: Stochastic Volatility 
In this section, I put forward an anchoring-adjusted option pricing model for the case when the 
underlying stock price and its instantaneous variance are assumed to obey the uncorrelated 
stochastic processes described in Hull and White (1987): 
𝑑𝑆 = 𝜇𝑆𝑑𝑡 + √𝑉𝑆𝑑𝑤 
𝑑𝑉 = 𝜑𝑉𝑑𝑡 + 𝜀𝑉𝑑𝑧 
𝐸[𝑑𝑤𝑑𝑧] = 0  
Where 𝑉 = 𝜎2 (Instantaneous variance of stock’s returns), and 𝜑 and 𝜀 are non-negative constants. 
𝑑𝑤 and 𝑑𝑧 are standard Brownian processes that are uncorrelated. Time subscripts in 𝑆 and 𝑉 are 
suppressed for notational simplicity. If 𝜀 = 0, then the instantaneous variance is a constant, and we 
are back in the Black-Scholes world. Bigger the value of 𝜀, which can be interpreted as the volatility 
of volatility parameter, larger is the departure from the constant volatility assumption of the Black-
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Scholes model. Hull and White (1987) is among the first option pricing models that allowed for 
stochastic volatility. A variety of stochastic volatility models have been proposed including Stein and 
Stein (1991), and Heston (1993) among others. Here, we use Hull and White (1987) assumptions to 
show that the idea of anchoring is easily combined with stochastic volatility. Extension to the 
Heston model is done in section 2.4. Clearly, with stochastic volatility it does not seem possible to 
form a hedge portfolio that eliminates risk completely because there is no asset which is perfectly 
correlated with 𝑉 = 𝜎2. 
 If diffusive risk is the only priced factor, and the underlying stock and its instantaneous 
volatility follow the stochastic processes described above, then by application of Ito’s lemma and the 
continuous time version of (2.1) the European call option price (no dividends on the underlying 
stock for simplicity) must satisfy the partial differentiation equation given below: 
𝜕𝐶
𝜕𝑡
+ (𝑟 + 𝛿)𝑆
𝜕𝐶
𝜕𝑆
+ 𝜑𝑉
𝜕𝐶
𝜕𝑉
+
1
2
𝜎2𝑆2
𝜕2𝐶
𝜕𝑆2
+
1
2
𝜀2𝑉2
𝜕2𝐶
𝜕𝑉2
= (𝑟 + 𝛿 + 𝐴𝐾 ∙ 𝛿)𝐶                   (2.10) 
where 0 ≤ 𝐴𝐾 ≤ (Ω𝐾 − 1), and 𝐶𝑇 = 𝑚𝑎𝑥{𝑆 − 𝐾, 0} 
By definition, under anchoring, the price of the call option is the expected terminal value of 
the option discounted at the rate which the marginal investor in the option expects to get from 
investing in the option. The price of the option is then: 
𝐶(𝑆𝑡, 𝜎𝑡
2, 𝑡) = 𝑒−(𝑟+𝛿+𝐴𝐾∙𝛿)(𝑇−𝑡) ∫ 𝐶(𝑆𝑇 , 𝜎𝑇
2, 𝑇)𝑝(𝑆𝑇|𝑆𝑡, 𝜎𝑡
2)𝑑𝑆𝑇                                               (2.11)  
Where the conditional distribution of 𝑆𝑇 as perceived by the marginal investor is such that 
𝐸[𝑆𝑇|𝑆𝑡, 𝜎𝑡
2] = 𝑆𝑡𝑒
(𝑟+𝛿)(𝑇−𝑡) and 𝐶(𝑆𝑇 , 𝜎𝑇
2, 𝑇) is 𝑚𝑎𝑥(𝑆𝑇 − 𝐾, 0).  
 By defining ?̅? =
1
𝑇−𝑡
∫ 𝜎𝜏
2𝑑𝜏
𝑇
𝑡
 as the means variance over the life of the option, the 
distribution of 𝑆𝑇 can be expressed as: 
𝑝(𝑆𝑇|𝑆𝑡, 𝜎𝑡
2) = ∫ 𝑓(𝑆𝑇|𝑆𝑡, ?̅?) 𝑔(?̅?|𝑆𝑡, 𝜎𝑡
2)𝑑?̅?                                                                                (2.12) 
Substituting (2.12) in (2.11) and re-arranging leads to: 
𝐶(𝑆𝑡, 𝜎𝑡
2, 𝑡) = ∫ [𝑒−(𝑟+𝛿+𝐴𝐾∙𝛿)(𝑇−𝑡) ∫ 𝐶(𝑆𝑇)𝑓(𝑆𝑇|𝑆𝑡, ?̅?)𝑑𝑆𝑇] 𝑔(?̅?|𝑆𝑡, 𝜎𝑡
2)𝑑?̅?                      (2.13) 
19 
 
By using an argument that runs in parallel with the corresponding argument in Hull and White 
(1987), it is straightforward to show that the term inside the square brackets is the anchoring price of 
the call option with a constant variance ?̅?. Denoting this price by 𝐶𝑎𝑙𝑙𝐴𝑀(?̅?), the price of the call 
option under anchoring when volatility is stochastic (as in Hull and White (1987)) is given by: 
𝐶(𝑆𝑡, 𝜎𝑡
2, 𝑡) = ∫ 𝐶𝑎𝑙𝑙𝐴𝑀(?̅?)𝑔(?̅?|𝑆𝑡, 𝜎𝑡
2) 𝑑?̅?                                                                                 (2.14) 
Where 𝐶𝑎𝑙𝑙𝐴𝑀(?̅?) = 𝑒
−𝐴𝐾∙𝛿(𝑇−𝑡){𝑆𝑁(𝑑1
𝑀) − 𝐾𝑒−(𝑟+𝛿)(𝑇−𝑡)𝑁(𝑑2
𝑀)} 
𝑑1
𝑀 =
𝑙𝑛(
𝑆
𝐾
)+(𝑟+𝛿+
𝜎2
2
)(𝑇−𝑡)
𝜎√𝑇−𝑡
 ; 𝑑2
𝑀 =
𝑙𝑛(
𝑆
𝐾
)+(𝑟+𝛿−
𝜎2
2
)(𝑇−𝑡)
𝜎√𝑇−𝑡
 
Equation (2.14) shows that the anchoring adjusted call option price with stochastic volatility is the 
anchoring price with constant variance integrated with respect to the distribution of mean volatility.  
 
2.4. Anchoring-Adjusted Option Pricing: Heston Model 
In this section, I extend the anchoring approach to the Heston model. In the Heston model, the 
stock price and its volatility follow the processes given by: 
𝑑𝑆 = 𝜇𝑆𝑑𝑡 + √𝑉𝑆𝑑𝑤 
𝑑𝑉 = 𝑘(𝜃 − 𝑉)𝑑𝑡 + 𝜎√𝑉𝑑𝑧 
𝐸[𝑑𝑤𝑑𝑧] = 𝜌 
where 𝑉 is the initial instantaneous variance, 𝜃 is the long run variance, 𝑘 is the rate at which 
𝑉 moves towards 𝜃, and 𝜎 is the volatility of volatility parameter. The model reverts to the Black-
Scholes model when 𝜎 and 𝑘 are set to zero.  
By using Ito’s lemma and the continuous time version of (2.1), the anchoring-adjusted partial 
differential equation for the European call option is given by: 
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𝜕𝐶
𝜕𝑡
+ 𝜇𝑆
𝜕𝐶
𝜕𝑆
+ 𝑘(𝜃 − 𝑉)
𝜕𝐶
𝜕𝑉
+
1
2
𝑉𝑆2
𝜕2𝐶
𝜕𝑆2
+
1
2
𝜎2𝑉
𝜕2𝐶
𝜕𝑉2
+ 𝜌𝜎𝑆𝑉
𝜕2𝐶
𝜕𝑆𝜕𝑉
= (𝑟 + 𝛿 + 𝐴𝐾 ∙ 𝛿)𝐶                                                                                       (2.15) 
where 𝐶𝑇 = 𝑚𝑎𝑥{𝑆 − 𝐾, 0}. (2.15) can be solved by using Fourier methods. Proposition 2 provides 
the solution. 
 
Proposition 2-Anchoring-Adjusted Heston Model: The anchoring-adjusted price of a 
European call option when the spot price dynamics are as in the Heston model is given by: 
 
𝑪 = 𝒆−(𝑨𝑲∙𝜹)(𝑻−𝒕){𝑺𝑷𝟏 − 𝑲𝒆
−(𝒓+𝜹)(𝑻−𝒕)𝑷𝟐} 
𝒘𝒉𝒆𝒓𝒆 
  𝜹 = 𝝁 − 𝒓 
𝑷𝟏 =
𝟏
𝟐
+
𝟏
𝝅
∫ 𝑹𝒆 {
𝒆−𝒊𝝋𝒍𝒏𝒌𝒇(𝝋 − 𝒊)
𝒊𝝋𝒇(−𝒊)
} 𝒅𝝋
∞
𝟎
 
𝑷𝟐 =
𝟏
𝟐
+
𝟏
𝝅
∫ 𝑹𝒆 {
𝒆−𝒊𝝋𝒍𝒏𝒌𝒇(𝝋)
𝒊𝝋
} 𝒅𝝋
∞
𝟎
 
𝒇𝑨𝑯(𝝋) = 𝒆
𝑨+𝑩+𝑪 
𝑨 = 𝒊𝝋𝒍𝒏𝑺𝒕 + 𝒊𝝋(𝝁)(𝑻 − 𝒕) 
𝑩 =
𝝋𝒌
𝝈𝟐
((𝒌 − 𝝆𝝈𝒊𝝋 − 𝒅)(𝑻 − 𝒕) − 𝟐𝒍𝒏 (
𝟏 − 𝒈𝒆−𝒅(𝑻−𝒕)
𝟏 − 𝒈
)) 
𝑪 =
𝑽
𝝈𝟐
(𝒌 − 𝝆𝝈𝒊𝝋 − 𝒅)(𝟏 − 𝒆−𝒅(𝑻−𝒕))
𝟏 − 𝒈𝒆−𝒅(𝑻−𝒕)
 
𝒅 = √(𝝆𝝈𝒊𝝋 − 𝒌)𝟐 + 𝝈𝟐(𝒊𝝋 + 𝝋𝟐) 
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𝒈 =
𝒌 − 𝝆𝝈𝒊𝝋 − 𝒅
𝒌 − 𝝆𝝈𝒊𝝋 + 𝒅
 
Proof. 
See Appendix B 
▄ 
 
As proposition 2 shows, the anchoring-adjusted Heston model differs from the original model in 
two ways. Firstly, the basic form is 𝐶 = 𝑒−(𝐴𝐾∙𝛿)(𝑇−𝑡){𝑆𝑃1 − 𝐾𝑒
−(𝑟+𝛿)(𝑇−𝑡)𝑃2} with anchoring, 
whereas, without anchoring, it is 𝐶 = 𝑆𝑃1 − 𝐾𝑒
−𝑟(𝑇−𝑡)𝑃2. Secondly, the characteristic function in 
the anchoring-adjusted case corresponds to physical density, whereas without anchoring, it 
corresponds to risk-neutral density. That’s why 𝜇 replaces 𝑟 in the characteristic function of the 
anchoring-adjusted case. 
 
2.5 Anchoring Adjusted Option Pricing: Bates Model 
Bates model is an extension of the Heston model. The dynamics under Bates model are: 
𝑑𝑆 = (𝜇𝑆 − 𝜆𝜇𝐽)𝑑𝑡 + √𝑉𝑆𝑑𝑤 + 𝐽𝑆𝑑𝑁 
𝑑𝑉 = 𝑘(𝜃 − 𝑉)𝑑𝑡 + 𝜎√𝑉𝑑𝑧 
𝐸[𝑑𝑤𝑑𝑧] = 𝜌 
Time subscripts are suppressed for simplicity. Bates model adds a compound Poisson process with 
jump intensity 𝜆 to the Heston model. A compound Poisson process is a Poisson process where the 
jump sizes follow the following distribution: 
𝑙𝑜𝑔(1 + 𝐽) ∈ 𝑁 (𝑙𝑜𝑔(1 + 𝜇𝐽) −
𝜎𝐽
2
2
, 𝜎𝐽
2  ) 
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Using Ito’s lemma for the continuous part and an analogous lemma for the jump part, the 
anchoring-adjusted PDE for the price of European call option is: 
𝜕𝐶
𝜕𝑡
+ 𝜇𝑆
𝜕𝐶
𝜕𝑆
+ 𝑘(𝜃 − 𝑉)
𝜕𝐶
𝜕𝑉
+
1
2
𝑉𝑆2
𝜕2𝐶
𝜕𝑆2
+
1
2
𝜎2𝑉
𝜕2𝐶
𝜕𝑉2
+ 𝜌𝜎𝑆𝑉
𝜕2𝐶
𝜕𝑆𝜕𝑉
+ 𝜆𝐸[𝐶(𝑆𝑌, 𝑡) − 𝐶(𝑆, 𝑡)]
− 𝜆𝜇𝐽
𝜕𝐶
𝜕𝑆
= (𝑟 + 𝛿 + 𝐴𝐾 ∙ 𝛿)𝐶                                                           (2.16) 
where 𝐶𝑇 = 𝑚𝑎𝑥{𝑆 − 𝐾, 0}.  
(2.16) can be solved by using Fourier methods as in the case of anchoring-adjusted Heston model. 
Proposition 3 provides the solution. 
 
Proposition 3-Anchoring-Adjusted Bates Model: The anchoring-adjusted price of a 
European call option when the spot price dynamics are as in the Bates model is given by: 
 
𝑪 = 𝒆−(𝑨𝑲∙𝜹)(𝑻−𝒕){𝑺𝑷𝟏 − 𝑲𝒆
−(𝝁)(𝑻−𝒕)𝑷𝟐} 
𝒘𝒉𝒆𝒓𝒆 
  𝜹 = 𝝁 − 𝒓 
𝑷𝟏 =
𝟏
𝟐
+
𝟏
𝝅
∫ 𝑹𝒆 {
𝒆−𝒊𝝋𝒍𝒏𝒌𝒇(𝝋 − 𝒊)
𝒊𝝋𝒇(−𝒊)
} 𝒅𝝋
∞
𝟎
 
𝑷𝟐 =
𝟏
𝟐
+
𝟏
𝝅
∫ 𝑹𝒆 {
𝒆−𝒊𝝋𝒍𝒏𝒌𝒇(𝝋)
𝒊𝝋
} 𝒅𝝋
∞
𝟎
 
𝒇(𝝋) = 𝒆𝑨+𝑩+𝑪 ∙ 𝒆
−𝝀𝝁𝑱𝒊𝝋(𝑻−𝒕)+𝝀(𝑻−𝒕)((𝟏+𝝁𝑱)
𝒊𝝋
∙𝒆
𝟏
𝟐
𝝈𝑱
𝟐𝒊𝝋(𝒊𝝋−𝟏)
−𝟏)
 
𝑨 = 𝒊𝝋𝒍𝒏𝑺𝒕 + 𝒊𝝋(𝝁)(𝑻 − 𝒕) 
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𝑩 =
𝝋𝒌
𝝈𝟐
((𝒌 − 𝝆𝝈𝒊𝝋 − 𝒅)(𝑻 − 𝒕) − 𝟐𝒍𝒏 (
𝟏 − 𝒈𝒆−𝒅(𝑻−𝒕)
𝟏 − 𝒈
)) 
𝑪 =
𝑽
𝝈𝟐
(𝒌 − 𝝆𝝈𝒊𝝋 − 𝒅)(𝟏 − 𝒆−𝒅(𝑻−𝒕))
𝟏 − 𝒈𝒆−𝒅(𝑻−𝒕)
 
𝒅 = √(𝝆𝝈𝒊𝝋 − 𝒌)𝟐 + 𝝈𝟐(𝒊𝝋 + 𝝋𝟐) 
𝒈 =
𝒌 − 𝝆𝝈𝒊𝝋 − 𝒅
𝒌 − 𝝆𝝈𝒊𝝋 + 𝒅
 
Proof. 
See Appendix C 
▄ 
 
The anchoring-adjusted Bates model is closely related to the anchoring-adjusted Heston model. This 
is because original (without anchoring) Heston and Bates model are closely related to each other. 
The difference when compared with the Heston model is that the characteristic function is 
multiplied by a term accounting for the jump. In the Bates model, innovations in log-return can 
come from two sources (log-return is formed as a sum of two independent random variables); one 
accounting for the stochastic volatility part and one accounting for the jump-part. The characteristic 
function for the sum of two independent random variables is the multiplication of the two 
characteristic functions. 
 
3. Anchoring Heuristic and Option Pricing Puzzles 
In the previous section, anchoring-adjusted Black-Scholes, Hull-White, Heston, and Bates models 
are presented. The underlying idea behind all of the anchoring-adjusted option pricing models is the 
same: Volatility of the underlying stock is adjusted upwards to estimate the volatility of a call option. The anchoring 
bias implies that adjustments are insufficient.  
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Next, I study the implications that follow from anchoring-adjusted models. For discussing 
the implied volatility skew, I consider the anchoring-adjusted Black-Scholes model first, followed by 
the anchoring-adjusted Heston model. 
   
3.1 The Implied Volatility Skew in the Anchoring-Adjusted Black-Scholes Model 
The anchoring-adjusted Black-Scholes price is a product of two terms: one is 𝑆𝑁(𝑑1
𝐴) −
𝐾𝑒−(𝑟+𝛿)(𝑇−𝑡)𝑁(𝑑2
𝐴) and the other is 𝑒−(𝐴𝐾∙𝛿)(𝑇−𝑡). As historical 𝛿 is around 4 to 6%, the second 
term is close to 1 especially for short-dated options. That is, the results are driven by the term 
𝑆𝑁(𝑑1
𝐴) − 𝐾𝑒−(𝑟+𝛿)(𝑇−𝑡)𝑁(𝑑2
𝐴).  
If anchoring determines option prices (formulas in proposition 1), and the Black Scholes 
model is used to infer implied volatility, the skew is observed. For illustrative purposes, the 
following parameter values are used: 𝑆 = 100, 𝑇 − 𝑡 = 1 𝑚𝑜𝑛𝑡ℎ, 𝜎 = 20%, 𝑟 = 0%, 𝑎𝑛𝑑 𝛿 =
5%.   
Assume that at-the-money call is perceived to be twice as volatile as the underlying stock. 
That is, 𝐴𝐴𝑇𝑀 = 𝐴100 = 1. Setting 𝐴𝐴𝑇𝑀
′  as 0.1 and 𝐴𝐴𝑇𝑀
′′  as 0.01, following values are obtained 
from (0.3): 𝐴95 = 0.625, and 𝐴105 = 1.625. That is, if 100-strike call is perceived as twice as 
volatile as the underlying stock, then 95-strike call is perceived to be 1.625 times as volatile as the 
underlying stock, and 105-strike call is perceived to be 2.625 times as volatile as the underlying stock. 
 Table 3 shows the Black-Scholes price, the anchoring price, and the resulting implied 
volatility. The skew is seen. Table 3 also shows the CP upper bound and Leland prices for various  
 
Table 3 
K/S Black-Scholes Anchoring Implied 
Volatility 
CP Upper 
Bound 
Leland Price 
(Trading Interval 
1/250 years) 
Leland Price 
(Trading Interval 
1/52 years) 
0.95 5.5771 5.8836 23.80% 5.98 7.34 6.53 
1.0 2.3030 2.5016 21.73% 2.57 4.46 3.55 
1.05 0.6562 0.7390 20.99% 0.78 2.28 1.38 
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trading intervals by assuming that 𝜃 = 0.01. The anchoring price lies within a tight region between 
the Black-Scholes price and the CP upper bound. Furthermore, implied volatility is always larger 
than actual volatility. Consistent with empirical findings, it is straightforward to see that regressing 
actual volatility on implied volatility leads to implied volatility being a biased predictor of actual 
volatility with the degree of bias rising in the level of implied volatility.  
 The implied volatility skew also has a term-structure. Specifically, the skew tends to flatten as 
horizon increases. Figure 1a plots the implied volatility skews both at a longer time to maturity of 3 
months and at a considerably shorter maturity of only one month. Flattening is clearly seen. 
 
Figure 1a 
 
    Figure 1b 
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 Figure 1b illustrates that with the anchoring bias, implied volatility is countercyclical. This is 
because implied volatility rises with equity premium, and equity premium is countercyclical. Hence, 
key features of the observed implied volatility skew, which are flattening with horizon and 
countercyclical magnitudes, are generated with anchoring.  
Out of the two terms in the anchoring formula, which are 𝑒−(𝐴𝐾∙𝛿)(𝑇−𝑡) and 𝑆𝑁(𝑑1
𝐴) −
𝐾𝑒−(𝑟+𝛿)(𝑇−𝑡)𝑁(𝑑2
𝐴), the results concerning implied volatility are driven by the second term. The 
results arise due to the fact that the anchoring formula replaces 𝑟 in the Black-Scholes formula by 𝜇, 
and 𝜇 > 𝑟. Furthermore, as equity premium 𝛿 = 𝜇 − 𝑟 is countercyclical, the skew is also 
countercyclical with anchoring. The results are qualitatively unchanged even if we set 𝐴𝐾 = 0. 
  
3.2 The Implied Volatility Skew in Anchoring-Adjusted Heston Model 
The Heston model faces difficulty in generating steep skews, which are typically observed with 
short-dated options. In this section, I show that the anchoring-adjusted Heston model does not 
suffer from this problem. The anchoring-adjusted version of Heston model generates steep skews 
even when the corresponding anchoring-free version generates nearly flat skew. This is important 
because a key weakness of stochastic volatility models is that they require implausibly large 
parameter values (volatility of volatility and correlation parameters) especially in matching steep 
short-dated skews (see Bakshi, Cao, & Chen (1997)).  
To show this, I illustrate the skews in both anchoring-free and anchoring-adjusted Heston 
models. The following parameter values are used in this illustration, volatility of volatility and 
correlation parameters are deliberately kept close to their time-series averages: Vol-Vol or 𝜎 =
0.1, 𝜌 = −0.1, 𝑘 = 2, 𝜃 = 0.2, 𝑎𝑛𝑑 𝑉 = 0.2.  
The other parameters are the same as in the last section: 𝑆 = 100, 𝑇 − 𝑡 = 1 𝑚𝑜𝑛𝑡ℎ, 𝑟 =
0%, 𝑎𝑛𝑑 𝛿 = 5%.  As before, assume that at-the-money call is perceived to be twice as volatile as 
the underlying stock (𝐴𝐴𝑇𝑀 = 1), and set 𝐴𝐴𝑇𝑀
′  as 0.1 and 𝐴𝐴𝑇𝑀
′′  as 0.01, so the values obtained 
from (0.3) are: 𝐴95 = 0.625, and 𝐴105 = 1.625. That is, if 100-strike call is perceived as twice as 
volatile as the underlying stock, then 95-strike call is perceived to be 1.625 times as volatile as the 
underlying stock, and 105-strike call is perceived to be 2.625 times as volatile as the underlying stock. 
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Alternatively, realizing that 𝑒−(𝐴𝐾∙𝛿)(𝑇−𝑡) is quite close to 1 for short-dated options, we may set 
𝐴𝐾 = 0 and get qualitatively similar results.  
Figure 2 shows the implied volatility skew with the original (anchoring-free) Heston model 
and the anchoring-adjusted Heston Model. As can be seen, the skew is nearly flat without anchoring 
and is quite steep with anchoring.  
 
 
              Figure 2 
 
3.3 Leverage-Adjusted Option Returns with Anchoring 
Leverage adjustment dilutes the beta risk of an option by combining it with a risk free asset. 
Leverage adjustment combines each option with a risk-free asset in such a manner that the overall 
beta risk becomes equal to the beta risk of the underlying stock. The weight of the option in the 
portfolio is equal to its inverse price elasticity w.r.t the underlying stock’s price: 
 
𝛽𝑝𝑜𝑟𝑡𝑓𝑜𝑙𝑖𝑜 = Ω
−1 × 𝛽𝑐𝑎𝑙𝑙 + (1 − Ω
−1) × 𝛽𝑟𝑖𝑠𝑘𝑓𝑟𝑒𝑒                                                                
where Ω =
𝜕𝐶𝑎𝑙𝑙
𝜕𝑆𝑡𝑜𝑐𝑘
×
𝑆𝑡𝑜𝑐𝑘
𝐶𝑎𝑙𝑙
 (i.e price elasticity of call w.r.t the underlying stock) 
𝛽𝑐𝑎𝑙𝑙 = Ω × 𝛽𝑠𝑡𝑜𝑐𝑘 
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𝛽𝑟𝑖𝑠𝑘𝑓𝑟𝑒𝑒 = 0 
=> 𝛽𝑝𝑜𝑟𝑡𝑓𝑜𝑙𝑖𝑜 = 𝛽𝑠𝑡𝑜𝑐𝑘                                                                                                             
When applied to index options, such leverage adjustment, which is aimed at achieving a market beta 
of one, reduces the variance and skewness and renders the returns close to normal enabling 
statistical inference. 
Constantinides, Jackwerth and Savov (2013) uncover a number of interesting empirical facts 
regarding leverage adjusted index option returns.  Table 4 presents the summary statistics of the 
leverage adjusted returns. As can be seen, four features stand out in the data: 1) Leverage adjusted 
call returns are lower than the average index return. 2) Leverage adjusted call returns fall with the 
ratio of strike to spot. 3) Leverage adjusted put returns are typically higher than the index average 
return. 4) Leverage adjusted put returns also fall with the ratio of strike to spot.  
 The above features are sharply inconsistent with the Black-Scholes/Capital Asset Pricing 
Model prediction that all leverage adjusted returns must be equal to the index average return, and 
should not vary with the ratio of strike to spot. In this section, I show that the anchoring-adjusted 
option pricing model, developed in this article, provides a unified explanation for the above findings. 
Furthermore, in section 4, I test two predictions of the anchoring model with nearly 26 years of 
leverage adjusted index returns and find strong empirical support. 
Section 3.4.1 considers leverage adjusted call returns under anchoring and shows that 
anchoring provides an explanation for the empirical findings. Section 3.4.2 does the same with 
leverage adjusted put returns. 
 
3.4.1 Leverage adjusted call returns with anchoring 
 
Applying leverage adjustment to a call option means creating a portfolio consisting of the call option 
and a risk-free asset in such a manner that the weight on the option is Ω𝐾
−1. It follows that the 
leverage adjusted call option return is: 
Ω𝐾
−1 ∙
1
𝑑𝑡
∙ 𝐸
[𝑑𝐶]
𝐶
+ (1 − Ω𝐾
−1)𝑟                                                                                                (3.2) 
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Table 4 
Average percentage monthly returns of the leverage adjusted portfolios from April 1986 to 
January 2012. For comparison, average monthly return on S&P 500 index is 0.86% in the same 
period. 
 Call Put 
K/S 90 95% 100% 105% 110% Hi-Lo 90 95% 100% 105% 110% Hi-Lo 
Average monthly returns 
30 days 0.49 0.42 0.21 0.03 -0.02 -0.51 2.18 1.66 1.07 0.80 0.75 -1.43 
(s.e) 0.24 0.24 0.24 0.23 0.22 0.17 0.36 0.32 0.29 0.27 0.26 0.20 
90 days 0.51 0.44 0.37 0.31 0.21 -0.30 1.15 1.10 0.91 0.81 0.74 -0.40 
(s.e) 0.24 0.24 0.24 0.24 0.24 0.11 0.33 0.31 0.29 0.27 0.27 0.14 
90-30 0.03 0.02 0.16 0.28 0.23  -1.04 -0.55 -0.16 0.00 -0.01  
(s.e) 0.02 0.02 0.03 0.06 0.11  0.11 0.07 0.03 0.02 0.02  
 
 
Substituting from (2.4) and realizing that anchoring implies that 𝐴𝐾 = 𝑚 ∙ (Ω𝐾 − 1) where 0 ≤
𝑚 < 1, (3.2) can be written as: 
𝛿{𝑚 ∙ (1 − Ω𝐾
−1) + Ω𝐾
−1} + 𝑟            (3.3) 
 
From (3.3) one can see that as the ratio of strike to spot rises, leverage adjusted call return must fall. 
This is because Ω𝐾 rises with the ratio of strike to spot (Ω𝐾
−1falls). 
 
Note that call price elasticity w.r.t the underlying stock price under the anchoring model is:  
Ω𝐾 =
𝑆
(𝑆𝑁(𝑑1
𝐴)−𝐾𝑒−(𝑟+𝛿)(𝑇−𝑡)𝑁(𝑑2
𝐴))
∙ 𝑁(𝑑1
𝐴)                                                                              (3.4) 
Substituting (3.4) in (3.3) and simplifying leads to: 
𝑅𝐿𝐶 = 𝜇 − 𝛿 ∙
𝐾
𝑆
∙ 𝑒−(𝑟+𝛿)(𝑇−𝑡) ∙
𝑁(𝑑2
𝐴)
𝑁(𝑑1
𝐴)
∙ (1 − 𝑚)                                                                    (3.5) 
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𝑅𝐿𝐶 denotes the expected leverage adjusted call return with anchoring. Note if 𝑚 = 1, then the 
leverage call return is equal to the CAPM/Black-Scholes prediction, which is 𝑅𝐿𝐶 = 𝜇. With 
anchoring, that is, with 0 ≤ 𝑚 < 1, the leverage adjusted call return must be less than the average 
index return as long as the risk premium is positive.  Hence, the anchoring model is consistent with 
the empirical findings that leverage adjusted call returns fall in the ratio of strike to spot and are 
smaller than average index returns. 
 Figure 3 is a representative graph of leverage adjusted call returns with anchoring (𝑟 =
2%, 𝛿 = 5%, 𝜎 = 20%). Apart from the empirical features mentioned above, one can also see that 
as expiry increases, returns rise sharply in out-of-the-money range. This feature can also be seen in 
Table 4. 
 
 
Figure 3 
 
 
3.4.2 Leverage adjusted put returns with anchoring 
 
Using the same logic as in the previous section, the leverage adjusted put option return with 
anchoring can be shown to be as follows: 
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𝑅𝐿𝑃 = 𝜇 + 𝛿 ∙
𝐾
𝑆
∙ 𝑒−(𝑟+𝛿)(𝑇−𝑡) ∙
𝑒−𝐴𝐾(𝑇−𝑡)∙𝑁(𝑑2
𝐴)
(1−𝑒−𝐴𝐾(𝑇−𝑡)𝑁(𝑑1
𝐴))
∙ (1 − 𝑚)                                             (3.6) 
As can be seen from the above equation, the CAPM/Black-Scholes prediction of 𝑅𝐿𝑃 = 𝜇 is a 
special case with 𝑚 = 1. That it, the CAPM/Black-Scholes prediction follows if there is no 
anchoring bias. With the anchoring bias, that is, with 0 ≤ 𝑚 < 1, leverage adjusted put return must 
be larger than the underlying return if the underlying risk premium is positive. It is also 
straightforward to verify that anchoring implies that 𝑅𝐿𝑃 falls as the ratio of strike to spot increases. 
 Figure 4 is a representative plot of the leverage adjusted put returns for 1, 2, and 3 months to 
expiry (𝑟 = 2%, 𝛿 = 5%, 𝜎 = 20%). One can also see that returns are falling substantially at lower 
strikes as expiry increases. This feature can also be seen in the data presented in Table 4. 
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3.5 The Profitability of Covered Call Writing with Anchoring 
The profitability of covered call writing is quite puzzling in the Black-Scholes framework. Whaley 
(2002) shows that BXM (a Buy Write Monthly Index tracking a Covered Call on S&P 500) has 
significantly lower volatility when compared with the index, however, it offers nearly the same return 
as the index. In the Black Scholes framework, the covered call strategy is expected to have lower risk 
as well as lower return when compared with buying the index only. See Black (1975). In fact, in an 
efficient market, the risk adjusted return from covered call writing should be no different than the 
risk adjusted return from just holding the index. 
The covered call strategy (S denotes stock, C denotes call) is given by: 
𝑉 = 𝑆 − 𝐶 
With anchoring, this is equal to: 
𝑉 = 𝑆 − 𝑒−𝐴𝐾∙𝛿(𝑇−𝑡){𝑆𝑁(𝑑1
𝐴) − 𝐾𝑒−(𝑟+𝛿)(𝑇−𝑡)𝑁(𝑑2
𝐴)} 
=> 𝑉 = (1 − 𝑒−𝐴𝐾∙𝛿(𝑇−𝑡)𝑁(𝑑1
𝐴)) 𝑆 + 𝑒−𝐴𝐾∙𝛿(𝑇−𝑡)𝑁(𝑑2
𝐴)𝐾𝑒−(𝑟+𝛿)(𝑇−𝑡)   (3.7) 
The corresponding value under the Black Scholes assumptions is: 
𝑉 = (1 − 𝑁(𝑑1))𝑆 + 𝑁(𝑑2)𝐾𝑒
−𝑟(𝑇−𝑡)        (3.8) 
 A comparison of 3.7 and 3.8 shows that covered call strategy is expected to perform much 
better with anchoring when compared with its expected performance in the Black-Scholes world. 
With anchoring, covered call strategy creates a portfolio which is equivalent to having a portfolio 
with a weight of 1 − 𝑒−𝐴𝐾∙𝛿(𝑇−𝑡)𝑁(𝑑1
𝐴) on the stock and a weight of 𝑒−𝐴𝐾∙𝛿(𝑇−𝑡)𝑁(𝑑2
𝐴) on a 
hypothetical risk free asset with a return of 𝑟 + 𝛿 + 𝐴𝐾 ∙ 𝛿. The stock has a return of 𝑟 + 𝛿 plus 
dividend yield. This implies that, with anchoring, the return from covered call strategy is expected to 
be comparable to the return from holding the underlying stock only. The presence of a hypothetical 
risk free asset in 3.7 implies that the standard deviation of covered call returns is lower than the 
standard deviation from just holding the underlying stock. Hence, the superior historical 
performance of covered call strategy is consistent with anchoring. 
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3.6 The Zero-Beta Straddle Performance with Anchoring 
Another empirical puzzle in the Black-Scholes/CAPM framework is that zero beta straddles lose 
money. Goltz and Lai (2009), Coval and Shumway (2001) and others find that zero beta straddles 
earn negative returns on average. This is in sharp contrast with the Black-Scholes/CAPM prediction 
which says that the zero-beta straddles should earn the risk free rate. A zero-beta straddle is 
constructed by taking a long position in corresponding call and put options with weights chosen so 
as to make the portfolio beta equal to zero: 
𝜃 ∙ 𝛽𝐶𝑎𝑙𝑙 + (1 − 𝜃) ∙ 𝛽𝑃𝑢𝑡 = 0 
=> 𝜃 =
−𝛽𝑃𝑢𝑡
𝛽𝐶𝑎𝑙𝑙 − 𝛽𝑃𝑢𝑡
 
Where 𝛽𝐶𝑎𝑙𝑙 = 𝑁(𝑑1) ∙
𝑆𝑡𝑜𝑐𝑘
𝐶𝑎𝑙𝑙
∙ 𝛽𝑆𝑡𝑜𝑐𝑘 and 𝛽𝑃𝑢𝑡 = (𝑁(𝑑1) − 1) ∙
𝑆𝑡𝑜𝑐𝑘
𝑃𝑢𝑡
∙ 𝛽𝑠𝑡𝑜𝑐𝑘 
 It is straightforward to show that with anchoring, where call and put prices are determined in 
accordance with proposition 1, the zero-beta straddle earns a significantly smaller return than the 
risk-free rate (with returns being negative for a wide range of realistic parameter values). See 
Appendix D for proof. Intuitively, with anchoring, both call and put options are more expensive 
when compared with Black-Scholes prices. Hence, the returns are smaller, and are typically negative.  
Anchoring provides a unified explanation for key option pricing puzzles. Two novel 
predictions of the anchoring model are discussed next. 
 
4. Empirical Predictions of the Anchoring Model 
By considering Figure 4 and Figure 3, the following two predictions of the anchoring model follow 
immediately9: 
Prediction 1. At low strikes (𝐾 < 𝑆), the difference between leverage adjusted put and call returns must fall as 
the ratio of strike to spot increases at all levels of expiry. 
                                                          
9 Technical proofs of these predictions are available from the author upon request. 
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Figure 3 shows a very sharp dip in leverage adjusted put returns at low strikes. The dip is so sharp 
that it should dominate the difference between put and call returns in the low strike range. At higher 
strikes, the decline in put and call returns is of the same order of magnitude. 
Prediction 2. The difference between leverage adjusted put and call returns must fall as expiry increases at least at 
low strikes. 
Figure 3 shows that put returns fall drastically with expiry at low strikes. They rise marginally at 
higher strikes with expiry. Figure 2 shows that call returns rise with expiry throughout and relatively 
more so at higher strikes. It follows that the difference between put and call returns should fall with 
expiry at least at low strikes if not throughout. 
 Next, I use the dataset developed in Constantinides et al (2013) to test these predictions. 
Constantinides et al (2013) use Black-Scholes elasticities evaluated at implied volatility for 
constructing leverage adjusted returns. As the anchoring model elasticities are very close to Black-
Scholes elasticities evaluated at implied volatility, the dataset can be used to test the prediction of the 
anchoring model. The dataset used in this paper is available at http://www.wiwi.uni-
konstanz.de/fileadmin/wiwi/jackwerth/Working_Paper/Version325_Return_Data.txt  
The construction of this dataset is described in detail in Constantinides et al (2013). It is almost 26 
years of monthly data on leverage adjusted S&P-500 index option returns ranging from April 1986 
to January 2012. 
 
4.1. Empirical findings regarding prediction 1 
Wilcoxon signed-rank-test is used as it allows for a direct observation by observation comparison of 
the two time-series. The following procedure is adopted: 
1) The dataset has the following ratios of strikes to spot: 0.9, 0.95, 1.0, 1.05, and 1.10. For each 
value of strike to spot, the difference between leverage adjusted put and call returns is 
calculated. 
2) Pair-wise comparisons are made between time series of 0.9 and 0.95, 0.95 and 1.0, 1.0 and 
1.05, and 1.05 and 1.10.  Such comparisons are made for each level of maturity: 30 days, 60 
days, or 90 days. 
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3) The first time series in each pair is dubbed series1, and the second time series in each pair is 
dubbed series 2. That is, for the pair, 0.9 and 0.95, 0.9 is Series 1, and 0.95 is Series 2. 
4) For each pair, if the prediction is true, then Series 1>Series 2.  This forms the alternative 
hypothesis in the Wilcoxon signed rank test, which is tested against the null hypothesis: 
Series 1 = Series 2 
Table 5 shows the results. As can be seen from the table, when call is in-the-money, the 
difference between leverage adjusted put and call returns falls with strike to spot at all levels of 
expiry (Series 1 is greater than Series 2). Hence, null hypothesis is rejected, in accordance with 
prediction of the anchoring model. As expected, the p-values are quite large for out-of-the-money 
call range, so null cannot be rejected for out-of-the-money call range. 
 
4.2 Empirical findings regarding prediction 2 
To test prediction 2, the procedure adopted is very similar to the one used for prediction 1:  
1) For each level of strike to spot, the following pair-wise comparisons are made: 30 days vs 60 days, 
60 days vs 90 days, 30 days vs 90 days.  
 
 
Put minus Call Return (Monthly) Put minus Call Return (Monthly) Maturity (days) Wilcoxon Signed Rank Test 
Leverage Adjusted  Leverage Adjusted Null Hypothesis: Series 1=Series 2 
(April 1986 to January 2012) (April 1986 to January 2012) Alternate Hypothesis: Series 1>Series 2 
Series 1 Strike (%spot) Series 2 Strike (%spot) P-Value 
0.9 0.95 30 5.62883E-14 
0.95 1 30 2.33147E-14 
1 1.05 30 0.095264801 
1.05 1.1 30 0.378791967 
0.9 0.95 60 2.23715E-06 
0.95 1 60 2.08904E-11 
1 1.05 60 1.31059E-09 
1.05 1.1 60 0.978440796 
0.9 0.95 90 0.002029759 
0.95 1 90 2.84604E-08 
1 1.05 90 0.10253709 
1.05 1.1 90 0.696743837 
Table 5 
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Table 6 
Put minus Call Ret. (Monthly) 
Leverage Adjusted 
(April 1986 to January 2012) 
Series 1 Maturity (Days) 
Put minus Call Ret. (Monthly) 
Leverage Adjusted 
(April 1986 to January 2012) 
Series 2 Maturity (Days) 
Strike (% 
spot) 
Wilcoxon Signed Rank Test 
Null Hypothesis: Series1=Series2 
Alternate: Series1>Series2 
P-Value 
    
30 60 0.9 0.0000 
60 90 0.9 0.0000 
30 90 0.9 0.0000 
30 60 1.1 0.0125 
60 90 1.1 0.0033 
30 90 1.1 0.0020 
 
2) The first time series in each pair is dubbed Series 1, and the second time series is labeled Series 2. 
If prediction 2 is true, then Series 1 > Series 2. This forms the alternate hypothesis against the null: 
Series 1 = Series 2.  
3) Wilcoxon signed rank test is conducted for each pair.  
 Table 6 shows the results. As can be seen, the null is rejected in favor of the alternate 
hypothesis throughout. Hence, both the predictions of the anchoring model are strongly supported 
in the data. 
 
5. Conclusions 
Intriguing option pricing puzzles include: 1) The existence of implied volatility skew, the fact that it 
gets flatter as horizon increases, and that fact that it is countercyclical. 2) Leverage-adjusted call 
returns are less than the underlying return, whereas leverage-adjusted put returns are larger than the 
underlying return. 3) Leverage-adjusted returns fall with strike. 4) Superior historical performance of 
covered call writing. 5) Worse-than-expected performance of zero beta straddles. Furthermore, it is 
well known that average put returns are far more negative than what various option pricing models 
predict, and average call returns are smaller than expected given their systematic risk.  
 The above puzzles or patterns in the data seem unrelated and there is no a priori reason to 
expect that they are different facets of the same underlying phenomenon. Building on experimental 
and anecdotal evidence, this article shows that the all of the above mentioned patterns in the data 
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could arise from anchoring bias, where underlying stock volatility is used as a starting point to form 
judgment about call option volatility. Anchoring bias implies that such adjustments fall short leading 
to underestimation of call risk.  
The paper puts forward anchoring-adjusted Black-Scholes, anchoring-adjusted Hull-White, 
anchoring-adjusted Heston, and anchoring-adjusted Bates formulas. Anchoring-adjusted prices lie in 
a narrow region between the corresponding anchoring-free price and the Constantinides and 
Perrakis (2002) upper bound. So, it is difficult to see how this bias can be mitigated. Armed with 
anchoring-adjusted models, this paper puts forward and tests two novel predictions, and finds 
strong empirical support with nearly 26 years of options data.  
 Apart from generating the puzzling patterns even within the simple framework of geometric 
Brownian motion, anchoring-adjusted models deliver significant improvement when compared with 
their anchoring-free counterparts. In particular, whereas the anchoring-free models require 
implausibly large parameter values to match the observed skew, the anchoring-adjusted versions can 
generate a steep skew at smaller values. 
 The challenge for financial economics is to enrich the elegant option pricing framework 
sufficiently so that it captures key empirical regularities. This article shows that incorporating the 
anchoring bias in the option pricing framework provides the needed enrichment, while preserving 
the elegance of the framework.  Furthermore, anchoring works regardless of the distributional 
assumptions that are made about the underlying stock behavior. Hence, as shown in this article, it is 
easy to combine anchoring with jump diffusion and stochastic volatility approaches.  
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Appendix A 
Proof of Proposition 1: 
The anchoring adjusted PDE can be solved by converting to heat equation and exploiting its 
solution.  
Start by making the following transformations in (2.6): 
𝜏 =
𝜎2
2
(𝑇 − 𝑡) 
𝑥 = 𝑙𝑛
𝑆
𝐾
=> 𝑆 = 𝐾𝑒𝑥 
𝐶(𝑆, 𝑡) = 𝐾 ∙  𝑐(𝑥, 𝜏) = 𝐾 ∙ 𝑐 (𝑙𝑛 (
𝑆
𝐾
) ,
𝜎2
2
(𝑇 − 𝑡)) 
It follows, 
𝜕𝐶
𝜕𝑡
= 𝐾 ∙
𝜕𝑐
𝜕𝜏
∙
𝜕𝜏
𝜕𝑡
= 𝐾 ∙
𝜕𝑐
𝜕𝜏
∙ (−
𝜎2
2
) 
𝜕𝐶
𝜕𝑆
= 𝐾 ∙
𝜕𝑐
𝜕𝑥
∙
𝜕𝑥
𝜕𝑆
= 𝐾 ∙
𝜕𝑐
𝜕𝑥
∙
1
𝑆
 
𝜕2𝐶
𝜕𝑆2
= 𝐾 ∙
1
𝑆2
∙
𝜕2𝐶
𝜕𝑥2
−  𝐾 ∙
1
𝑆2
𝜕𝐶
𝜕𝑥
 
Plugging the above transformations into (2.6) and writing ?̃? =
2(𝑟+𝛿)
𝜎2
, and 𝜖̃ =
2𝐴𝛿
𝜎2
 we get: 
𝜕𝑐
𝜕𝜏
=
𝜕2𝑐
𝜕𝑥2
+ (?̃? − 1)
𝜕𝑐
𝜕𝑥
− (?̃? + 𝜖̃)𝑐                                                                                                 (𝐴1) 
With the boundary condition/initial condition: 
𝐶(𝑆, 𝑇) = 𝑚𝑎𝑥{𝑆 − 𝐾, 0} 𝑏𝑒𝑐𝑜𝑚𝑒𝑠 𝑐(𝑥, 0) = 𝑚𝑎𝑥{𝑒𝑥 − 1,0} 
To eliminate the last two terms in (A1), an additional transformation is made: 
𝑐(𝑥, 𝜏) = 𝑒𝛼𝑥+𝛽𝜏𝑢(𝑥, 𝜏) 
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It follows, 
𝜕𝑐
𝜕𝑥
= 𝛼𝑒𝛼𝑥+𝛽𝜏𝑢 + 𝑒𝛼𝑥+𝛽𝜏
𝜕𝑢
𝜕𝑥
 
𝜕2𝑐
𝜕𝑥2
= 𝛼2𝑒𝛼𝑥+𝛽𝜏𝑢 + 2𝛼𝑒𝛼𝑥+𝛽𝜏
𝜕𝑢
𝜕𝑥
+ 𝑒𝛼𝑥+𝛽𝜏
𝜕2𝑢
𝜕𝑥2
 
𝜕𝑐
𝜕𝜏
= 𝛽𝑒𝛼𝑥+𝛽𝜏𝑢 + 𝑒𝛼𝑥+𝛽𝜏
𝜕𝑢
𝜕𝜏
 
Substituting the above transformations in (A1), we get: 
𝜕𝑢
𝜕𝜏
=
𝜕2𝑢
𝜕𝑥2
+ (𝛼2 + 𝛼(?̃? − 1) − (?̃? + 𝜖̃) − 𝛽)𝑢 + (2𝛼 + (?̃? − 1))
𝜕𝑢
𝜕𝑥
                                    (A2) 
Choose 𝛼 = −
(?̃?−1)
2
 and 𝛽 = −
(?̃?+1)2
4
− (𝜖̃). (A2) simplifies to the Heat equation: 
𝜕𝑢
𝜕𝜏
=
𝜕2𝑢
𝜕𝑥2
                                                                                                                                               (𝐴3) 
With the initial condition: 
𝑢(𝑥0, 0) = 𝑚𝑎𝑥{(𝑒
(1−𝛼)𝑥0 − 𝑒−𝛼𝑥0), 0} = 𝑚𝑎𝑥 {(𝑒(
?̃?+1
2 )𝑥0 − 𝑒(
?̃?−1
2 )𝑥0) , 0} 
The solution to the Heat equation in our case is: 
𝑢(𝑥, 𝜏) =
1
2√𝜋𝜏
∫ 𝑒−
(𝑥−𝑥0)
2
4𝜏
∞
−∞
𝑢(𝑥0, 0)𝑑𝑥0 
Change variables: =
𝑥0−𝑥
√2𝜏
 , which means: 𝑑𝑧 =
𝑑𝑥0
√2𝜏
. Also, from the boundary condition, we know 
that 𝑢 > 0 𝑖𝑓𝑓 𝑥0 > 0.  Hence, we can restrict the integration range to 𝑧 >
−𝑥
√2𝜏
 
𝑢(𝑥, 𝜏) =
1
√2𝜋
∫ 𝑒−
𝑧2
2 ∙ 𝑒(
?̃?+1
2 )
(𝑥+𝑧√2𝜏)𝑑𝑧 −
∞
−
𝑥
√2𝜋
1
√2𝜋
∫ 𝑒−
𝑧2
2
∞
−
𝑥
√2𝜏
∙ 𝑒(
?̃?−1
2 )
(𝑥+𝑧√2𝜏)𝑑𝑧 
=: 𝐻1 − 𝐻2 
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Complete the squares for the exponent in 𝐻1: 
?̃? + 1
2
(𝑥 + 𝑧√2𝜏) −
𝑧2
2
= −
1
2
(𝑧 −
√2𝜏(?̃? + 1)
2
)
2
+
?̃? + 1
2
𝑥 + 𝜏
(?̃? + 1)2
4
 
=: −
1
2
𝑦2 + 𝑐 
We can see that 𝑑𝑦 = 𝑑𝑧 and 𝑐 does not depend on 𝑧. Hence, we can write: 
𝐻1 =
𝑒𝑐
√2𝜋
∫ 𝑒−
𝑦2
2 𝑑𝑦
∞
−𝑥
√2𝜋
⁄ −√
𝜏
2⁄ (?̃?+1)
 
A normally distributed random variable has the following cumulative distribution function: 
𝑁(𝑑) =
1
√2𝜋
∫ 𝑒−
𝑦2
2 𝑑𝑦
𝑑
−∞
 
Hence, 𝐻1 = 𝑒
𝑐𝑁(𝑑1) where 𝑑1 =
𝑥
√2𝜋
⁄ + √
𝜏
2⁄ (?̃? + 1) 
Similarly,  𝐻2 = 𝑒
𝑓𝑁(𝑑2) where 𝑑2 =
𝑥
√2𝜋
⁄ + √
𝜏
2⁄ (?̃? − 1) and 𝑓 =
?̃?−1
2
𝑥 + 𝜏
(?̃?−1)2
4
 
The anchoring adjusted European call pricing formula is obtained by recovering original variables: 
𝐶 = 𝑒−𝐴∙𝛿(𝑇−𝑡){𝑆𝑁(𝑑1
𝐴) − 𝐾𝑒−(𝑟+𝛿)(𝑇−𝑡)𝑁(𝑑2
𝐴)} 
Where 𝒅𝟏
𝑨 =
𝒍𝒏(𝑺/𝑲)+(𝒓+𝜹+
𝝈𝟐
𝟐
)(𝑻−𝒕)
𝝈√𝑻−𝒕
 𝑎𝑛𝑑 𝒅𝟐
𝑨 =
𝒍𝒏(
𝑺
𝑲
)+(𝒓+𝜹−
𝝈𝟐
𝟐
)(𝑻−𝒕)
𝝈√𝑻−𝒕
 
 
Appendix B 
Proof of Proposition 2: 
The formula is derived by exploiting the analogy with the Heston (1993) model generalized in 
Bakshi and Madan (2000). The analogy is as follows: 
Risk-Neutral Pricing: 𝐶 = 𝑒−𝑟(𝑇−𝑡)𝐸𝑄[(𝑆𝑇 − 𝐾)
+] 
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Anchoring-adjusted Pricing: 𝐶 = 𝑒−(𝜇+𝐴∙𝛿)(𝑇−𝑡)𝐸𝑃[(𝑆𝑇 − 𝐾)
+] 
In anchoring-adjusted approach, the risk-neutral measure is replaced with physical measure, and the 
interest rate is replaced with the expected return on call option.  
 With the above differences in mind, using the argument in Heston (1993) which is 
generalized in Bakshi and Madan (2000), we may write: 
𝐶 = 𝑒−(𝐴∙𝛿)(𝑇−𝑡){𝑆𝜋1 − 𝐾𝑒
−(𝜇)(𝑇−𝑡)𝜋2} 
where 𝜋1 and 𝜋2 are both conditional probabilities of the call option ending up in-the-money at 
expiry. 𝜋1 is calculated with the underlying stock as a numeraire asset, and 𝜋2 is calculated with zero 
coupon bond as numeraire. Note, that the anchoring-adjusted Black-Scholes formula has the same 
form with 𝜋1 and 𝜋2 replaced with 𝑁(𝑑1
𝐴) and 𝑁(𝑑2
𝐴) respectively. 
Defining 𝑥 = 𝑙𝑛𝑆, and denoting physical probability with 𝑝(𝑥):  𝜋2 = ∫ 𝑝(𝑥)𝑑𝑥
∞
𝑘
 which is 
the cumulative probability 𝑃(𝑥 > 𝑘), where 𝑘 = 𝑙𝑛𝐾. The characteristic function for 𝜋2 is: 
∅𝑇(𝑤) = ∫ 𝑒
𝑖𝑤𝑥𝑃(𝑥)
∞
−∞
𝑑𝑥, so we may write: 
𝜋2 = ∫ (
1
2𝜋
∫ 𝑒−𝑖𝑤𝑥∅𝑇(𝑤)
∞
−∞
𝑑𝑤) 𝑑𝑥
∞
𝑘
 
By changing the order of integration in the integral: 
𝜋2 =
1
2𝜋
∫ ∅𝑇(𝑤) (∫ 𝑒
−𝑖𝑤𝑥𝑑𝑥
∞
𝑘
) 𝑑𝑤
∞
−∞
 
The above integral simplifies to: 
𝜋2 =
1
2
+
1
𝜋
∫ ℜ (
𝑒𝑖𝑤𝑘∅𝑇(𝑤)
𝑖𝑤
) 𝑑𝑤
∞
0
 
 For 𝜋1, the underlying stock is the numeraire. Introducing a change of measure by using the 
Radon-Nikodym derivative: 
𝑑?̃?
𝑑𝑃
=
𝑒𝑥𝑇
𝐸[𝑒𝑥𝑇]
. With the new measure, the Fourier transform of 
𝜋1becomes: ?̃?
𝑃[𝑒𝑖𝑤𝑥] =
𝐸[𝑒𝑥𝑇𝑒𝑖𝑤𝑥]
𝐸[𝑒𝑥𝑇]
=
∅𝑇(𝑤−𝑖)
∅𝑇(−𝑖)
.  Since 𝐸𝑃[𝑆𝑇] = 𝑆𝑒
𝜇(𝑇−𝑡), we get ∅𝑇(−𝑖) as its 
characteristic function and ∅𝑇(𝑤 − 𝑖) for 𝐸[𝑒
𝑥𝑇𝑒𝑖𝑤𝑥]. ?̃?𝑃[𝑒𝑖𝑤𝑥] can be inverted to result in the 
following: 
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𝜋1 =
1
2
+
1
𝜋
∫ ℜ (
𝑒𝑖𝑤𝑘∅𝑇(𝑤 − 𝑖)
𝑖𝑤∅𝑇(−𝑖)
) 𝑑𝑤
∞
0
 
The functional form of 𝜋1 and 𝜋2 is the same as in the Heston model; however, the characteristic 
function here corresponds to the physical density instead of the risk-neutral density.  
 
Appendix C 
Proof of Proposition 3: 
The characteristic function for the sum of two independent random variables is the multiplication of 
the two characteristic functions. In Bates model, log-return is a sum of two independent random 
variables; one due to stochastic volatility, and the other one due to jumps. So, all we need to do is to 
multiply the Heston characteristic function with a characteristic function accounting for jumps. This 
results in the formula in Proposition 3. 
 
Appendix D 
Following Coval and Shumway (2001) and some algebraic manipulations, the return from a zero-
beta-straddle can be written as: 
𝑟𝑠𝑡𝑟𝑎𝑑𝑑𝑙𝑒 =
−Ω𝑐𝐶 + 𝑆
Ω𝑐𝑃 − Ω𝑐𝐶 + 𝑆
∙ 𝑟𝑐𝑎𝑙𝑙 +
Ω𝑐𝑃 + 𝑆
Ω𝑐𝑃 − Ω𝑐𝐶 + 𝑆
∙ 𝑟𝑝𝑢𝑡 
Where 𝐶 and 𝑃 denote call and put prices respectively, 𝑟𝑐𝑎𝑙𝑙 is expected call return, 𝑟𝑝𝑢𝑡 is expected 
put return, and Ω𝑐 is call price elasticity w.r.t the underlying stock price. 
Under anchoring: 
𝑟𝑐𝑎𝑙𝑙 = 𝜇 + 𝐴 ∙ 𝛿 
𝑟𝑝𝑢𝑡 =
(𝜇 + 𝐴 ∙ 𝛿)𝐶 − 𝜇𝑆 + 𝑟𝑃𝑉(𝐾)
𝑃
 
Substituting 𝑟𝑐𝑎𝑙𝑙 and 𝑟𝑝𝑢𝑡 in the expression for 𝑟𝑠𝑡𝑟𝑎𝑑𝑑𝑙𝑒 , and simplifying implies that as long as the 
risk premium on the underlying is positive, it follows that: 𝑟𝑠𝑡𝑟𝑎𝑑𝑑𝑙𝑒 < 𝑟 
  
